Systematic study of cell signaling networks increasingly involves high throughput proteomics, transcriptional profiling, and automated literature mining with the aim of assembling large scale interaction networks. In contrast, functional analysis of cell signaling usually focuses on a much smaller sets of proteins and eschews computation but focuses directly on cellular responses to environment and perturbation. We sought to combine these two traditions by collecting cell response measures on a reasonably large scale and then attempting to infer differences in network topology between two cell types. Human hepatocytes and hepatocellular carcinoma cell lines were exposed to inducers of inflammation, innate immunity, and proliferation in the presence and absence of small molecule drugs, and multiplex biochemical measurement was then performed on intra-and extracellular signaling molecules. We uncovered major differences between primary and transformed hepatocytes with respect to the engagement of toll-like receptor and NF-Bdependent secretion of chemokines and cytokines that prime and attract immune cells. Overall, our results serve as a proof of principle for an approach to network analysis that is systematic, comparative, and biochemically focused. More specifically, our data support the hypothesis that hepatocellular carcinoma cells down-regulate normal inflammatory and immune responses to avoid immune editing.
The development of high throughput methods for detecting genetic and physical interactions among genes and proteins has stimulated interest in methods to infer functional relationships among them and thereby assemble large biological "networks". These networks are typically represented as node-edge graphs with macromolecules as nodes and interactions as edges (or vertices; Refs. 1 and 2). Protein interaction networks (PINs 1 or interactomes; Refs. 1, 3, and 4) are typically deduced directly from systematic two-hybrid (5) (6) (7) and affinity purification-mass spectrometry data (8 -12) and can encompass the entire proteome. In PINs, edges are undirected (lines rather than arrows) and unsigned (lacking positive or negative labels). Thus, they do not encode substrateproduct relationships or specify whether interactions are inhibitory or activating (1) . In contrast, edges in protein signaling networks (PSNs) are usually assembled from literature data using manual or automated curation and have directionality and sign. PINs and PSNs often incorporate diverse data from multiple cell types and even different organisms (13, 14) . This increases the scope of a network but obscures differences from one cell type to the next despite the obvious value of such comparative insight.
Potentially valuable comparative data are available in the form of transcriptional profiles (15, 16) , disease genotypes (17, 18) , phosphoproteomic profiles (12, 19) , or RNAi screening data (20 -22) , and many groups are attempting to add this information to PINs to create networks specific to particular cell types or cell states (23) (24) (25) (26) (27) (28) . In this study, we undertook a complementary approach in which we started with "functional" data characterizing the responses of cells to biological ligands and small molecule drugs and then used inference methods to assemble a network. We exposed primary human hepatocytes and HepG2 liver cancer cells to one of seven growth factors or cytokines in the presence or absence of seven small molecule kinase inhibitors and then measured the levels or states of modification of 17 intracellular proteins or 50 secreted peptides using automated sandwich affinity assays. This yielded a set of ϳ26,000 protein state measurements from which interaction graphs could be inferred using multilinear regression (MLR). The resulting graphs directly compare immediate-early signaling downstream of seven transmembrane receptors in normal and transformed liver cells.
Hepatocytes were chosen for comparative pathway analysis of receptor-mediated signaling because liver homeostasis is known to be controlled by endocrine, paracrine, and autocrine ligands that coordinate the fates and functions of multiple cell types (29, 30) including Kupffer cells (specialized liver-resident macrophages), other nonparenchymal cells, and hepatocytes themselves. Data on responses to and secretion of cytokines by hepatocytes are therefore expected to be physiologically informative. The liver is the primary organ in which mammals metabolize nutrients, environmental toxins, and drugs. The liver also plays a critical role in inflammation and innate immunity (29) . During the acute phase response, for example, leukocytes recruited to distant sites of inflammation secrete interleukins into the blood, and these interleukins induce the production of acute phase proteins by the liver (31) . Many acute phase proteins directly inhibit microbe growth or, like C-reactive protein, promote microbe opsonization and subsequent phagocytosis (31) . Liver cells also express receptors that mediate local inflammatory and innate immune responses (32) . Toll-like receptors (TLRs), for example, are expressed on hepatocytes, Kupffer cells, and other nonparenchymal cells where they detect antigens commonly associated with infection (e.g. lipopolysaccharide (32) ).
Many signal transduction proteins involved in liver biology and HCC have been characterized (e.g. the IL1R, vascular endothelial growth factor A (VEGFA), TLR receptors, and NF-B and JNK signaling proteins (33) (34) (35) (36) (37) (38) (39) (40) ), and it has been determined that several broadly expressed cytokines have unusual functions in the liver. Tumor necrosis factor-␣ (TNF␣), for example, is involved in hepatic regeneration, regrowth of an injured liver that takes place following loss of up to 75% of organ mass (41) . Chronic inflammatory signaling is observed in many liver diseases and is known to cause progressive cellular transformation and ultimately hepatocellular carcinoma (42) . Nonetheless, how diverse signaling proteins are coordinated in normal and diseased liver cells remains poorly understood. Partly as a consequence, HCC has proven difficult to target with existing chemotherapies (43) and remains the third most common cause of cancer death in humans (44) . Thus, better understanding of changes in signaling networks that accompany the development of HCC should impact human health.
Whereas transcriptional data can be collected on a genome-wide scale, this is not possible for data on protein levels and modifications: sandwich immune methods such as the xMAP assays used here (45) are limited to Ͻ100 analytes (although this can be increased to ϳ400 analytes using reverse phase arrays (46 -50) ). However, immune detection works well with many samples and is sufficiently rapid and sensitive, thus making it practical to perform multiplex assays on primary human tissue at multiple points in time, across multiple ligands, and in the presence or absence of multiple small molecule drugs (this is not yet feasible using phosphomass spectrometry, which tends to provide data on many analytes under fewer conditions). A key question at the outset of this work was whether biochemical data collectable using existing high throughput biochemical methods would yield useful network insight and uncover interesting new biology. The answer appears to be yes. Comparative regression analysis reveals widespread differences between normal and transformed hepatocytes including up-regulation of prosurvival pathways in tumor cells and unexpected down-regulation of inflammatory, TLR-, and NF-B-mediated signaling (51, 52) . These changes are common to all four liver cancer cell lines examined and appear to reflect general disruption of innate immunity in tumor cells relative to normal hepatocytes.
EXPERIMENTAL PROCEDURES

Cell Culture and Signaling Experiments
HepG2 and Hep3B cells were purchased from ATCC, HuH7 and FOCUS were obtained from J. Wands (Brown University), and fresh primary human hepatocytes were purchased from CellzDirect (Research Triangle Park, NC). Cell lines were passaged up to five times in Eagle's minimum essential medium supplemented with 10% serum; preplated primary hepatocytes were used immediately. Assays were performed on cells in 96-well plates coated with collagen type I (BD Biosciences) with 100 l of phenol-free Williams' medium E (Sigma-Aldrich) supplemented with 1.0 mM L-glutamine (Invitrogen), 100 nM dexamethasone (Sigma-Aldrich), 5 g/ml human insulin (Sigma-Aldrich), 5 g/ml transferrin from human serum (Roche Applied Science), and 5 g/ml sodium selenite (Sigma-Aldrich). Cells were cultured overnight on collagen, starved for 6 h in 180 l of Williams' medium E with L-glutamine and dexamethasone, and exposed to kinase inhibitors and ligand cues (prepared as 20ϫ concentration stock solutions). Supernatants were collected and stored in the presence of 0.5% (w/v) BSA, and cells were lysed in 90 l of manufacturer's buffer (Bio-Rad), and total protein concentrations were quantified using a micro-BCA assay (Pierce). To minimize experimental variability, samples were processed in parallel, and the same batches of cytokines, inhibitors, and assay reagents were used throughout.
xMAP Assays
Multiplexed x-MAP assays were performed on a Luminex 200 system using reagents from Bio-Rad (see Fig. 1 ). A 17-plex phosphoprotein bead set from Bio-Rad was used to assay phospho-p70S6K Fig. 1 ). Significant effort was devoted to maximizing the number of measurements that could be obtained from each sample of cells: a 96-well plate assayed for 17 phosphoproteins and 50 cytokines yielded ϳ6500 measurements. A significant issue for the phosphoprotein xMAP assay was large differences in the levels of various species combined with the fixed dynamic range of the Luminex 200 photomultiplier tube (low abundance phosphoproteins included p-p38, p-p53, and p-p90RSK, and high abundance signals included p-c-Jun and p-Hsp27). It was necessary to assay different dilutions of cell extract to bring all 17 signals into the linear range of detection.
Data Processing and Multilinear Regression
Primary data were processed and visualized (see also Fig. 2 ) using the open access MATLAB-based software DataRail (53) . Initial pathway maps (see also Fig. 1 and supplemental Fig. 2 ) were constructed using software and data provided by Ingenuity Systems. For MLR ( Fig. 3 ), data were normalized to the maximum value for each variable across all cell types. To prevent noise from distorting results when measured values were close to the lower detection limit of the Luminex 200 device (1 of 17 intracellular assays and 29 of 50 extracellular assays for the full data set: STAT6; VCAM1; TNFSF10; LTA; CLEC11A; KITLG; NGF; CCL7; CCL11; CCL27; LIF; HGF; interleukins 2-5, 7, 9, 10, 12, 13, and 16 -19 ; IL1A, IL2RA, INFA2, PDGFB, and INFG) were normalized to a value 3 times the noise level of the instrument (ϳ3 ϫ 166) as determined by taking the standard deviation from repeated measurements of untreated controls.
Time-dependent measurements in the original data (see Fig. 3a , first panel) were averaged to create a time-collapsed matrix ( Fig. 3a , second panel, Y exp ), which is an m ϫ k matrix of m number of dependent variables (total phosphorylation activity) under k conditions. In this study, k ϭ 64 ((7 ligands ϩ 1 control) ϫ (7 kinase inhibitors ϩ1 control)). In the first step, Y exp was constructed to ignore the effects of the inhibitors, thereby making the regression overdetermined and robust; thus, Y exp was deconvolved into a cue-regressed matrix (see Fig. 3a , third panel, W Cue ⅐X Cue ) where X Cue corresponds to the presence (ϭ1) or absence (ϭ0) of stimuli and W Cue corresponds to an n ϫ m coefficient matrix where n is the number of stimuli (independent variables). The residual between the Y exp and the cue-regressed matrix (Y exp Ϫ W Cue ⅐X Cue ) carries information on the effects of inhibitors and was modeled in a second round of MLR using an inhibitor-regressed matrix, W Inh ⅐X Inh where X Inh corresponds to the presence (ϭ1) or absence (ϭ0) of inhibitors and W inh corresponds to a coefficient matrix with the effects of the inhibitors (see Fig. 3a , fourth panel, W Inh ⅐X Inh ). A substantial fraction of the information in the data set was captured through that second step procedure, and the Akaike information criterion (54) dropped from 3.0 (first step) to Ϫ46.6 (second step). The residual Y Res (see Fig.  3a , fifth panel) represents data that were not captured by either the first or second step of MLR (Y exp Ϫ W Cue ⅐X Cue Ϫ W Inh ⅐X Inh ) presumably because they do not conform to our assumption of linearity. The information remaining after two rounds of regression represents the context-specific effects of kinase inhibitors, that is, whether an inhibitor is more or less potent in cells stimulated with one ligand as opposed to another. MLR was also applied to cytokine data by letting phosphoprotein levels constitute the X matrix and cytokine levels constitute the Y matrix; in this case, only a single regression step was required because information on the effects of inhibitors is implicitly "encoded" by the activities of intracellular signals (see supplemental Fig. 3 for cross-validation analysis). The computational demands of the MLR approach were minimal.
Reagents
Ligand Cues-TNF␣, insulin-like growth factor-1 (IGF-1), and transforming growth factor (TGF) ␤1 were obtained from PeproTech; lipopolysaccharide (LPS) and interleukin (IL)-6 were from Sigma-Aldrich; IL1␣ and TGF␣ were from R&D Systems; and interferon-␥ (IFN␥) was from Roche Diagnostics GmbH. Other than LPS, TLR ligands were obtained from InvivoGen as follows: Pam3CSK4 for TLR1/2, HKLM for TLR2, poly(I-C) for TLR3; Salmonella typhimurium flagellin for TLR5, FSL1-Pam2CGDPKHPKSF for TLR6/2, imiquimod for TLR7, ssRNA40 for TLR8, and ODN2006 for TLR9.
Kinase Inhibitors-Inhibitors for IKK2 (BMS-345541, IMD0354, and TPCA-1), phosphatidylinositol 3-kinase (ZSTK474), GSK3␤ (inhibitor XI), JNK (SP600125), and mammalian target of rapamycin (rapamycin) were purchased from Calbiochem. Inhibitors for p38 (PHA818637) and MEK (PD325901) were kindly provided by Pfizer Pharmaceuticals. To minimize off-target effects (55) , kinase inhibitors were used at concentrations sufficient to inhibit 90% of the phosphorylation of the nominal target as determined by dose-response assays on HepG2 cells (for p38, MEK, IKK, and phosphatidylinositol 3-kinase inhibitors; supplemental Fig. 4 ) or as obtained from the literature (mammalian target of rapamycin and GSK3 inhibitors (56, 57) ). Unless noted otherwise, drug concentrations were as follows: BMS-345541 at 10 M; ZSTK474 at 2 M, inhibitor XI at 0.5 M, SP600125 at 15 M, rapamycin at 100 nM, PHA818637 at 10 nM, and PD325901 at 5 nM.
Reliability of Signaling Data and Derived Maps
Two issues arise when comparing established cell lines with donorderived primary cells: (i) experiment-experiment and donor-donor variability and (ii) the purity of the primary cell preparations. To address the first issue, replicated assays of HepG2 cells from different passages and of primary hepatocytes from different donors were compared (supplemental Fig. 5 ). The coefficient of variation for repeated xMAP measurement of the same set of lysates (technical replicates) was found to be ϳϮ8%, and data from different HepG2 passages correlated with R 2 ϳ0.9. Data from different hepatocyte donors correlated with R 2 ϳ0.8, indicating good donor-to-donor repeatability. As expected, greater variation was observed among primary cells than among different passages of a tumor cell line because of differences in lifestyle and genetic backgrounds of primary human cell donors. However, in those cases in which data overlapped previously published results (e.g. LPS-induced TLR signaling), our data were in agreement with previous findings (58 -60) . Overall, we conclude that xMAP assays were highly reproducible and that hepatocytes from different donors were quite similar (61) at least with respect to the top ϳ50% of the regression weights from MLR that were the focus of the current study. It is likely that weaker interactions are more variable from donor to donor, although we do not have enough data to draw any firm conclusions on this point. Importantly, however, the differences between HCC and primary cells that were the focus of this study were highly significant no matter which hepatocyte sample or HepG2 passage was used for the analysis.
To assess the purity of hepatocyte preparations, we used flow cytometry as described previously (62) with biomarkers specific for hepatocytes, bile epithelial cells, liver endothelial cells, Kupffer cells, and stellate cells (see supplemental Fig. 6a for additional details). Reanalysis of these hepatocyte preparations by flow cytometry showed levels of contaminating cells to be very low: Ͻ0.5% for Kupffer cells and even less for stellate and bile epithelial cells. However, Kupffer cells express high levels of TLR and inflammatory receptors and are very active in secretion so that even a small proportion could conceivably make a noticeable contribution to measured cytokines levels. To ensure that the presence of a few Kupffer cells was not a confounding factor in our data, we assayed explicitly for responses characteristic of Kupffer cells: induced secretion of TNF␣, IL1␤, and IL10 by LPS or IFN␥ (63-68). In LPS-or IFN␥-treated hepatocytes from three different donors, levels of TNF␣, IL1␤, and IL10 were no more than ϳ2-fold above background and at least 50-fold below the levels observed in experiments with U937 macrophages (included as a positive control; supplemental Fig. 6b ). Thus, we conclude that contamination of hepatocytes by nonparenchymal cells is unlikely to contribute appreciably to the cytokine measurements in the data set.
Availability of Data
The full data set is available at http://www.cdpcenter.org/resources/ data/alexopoulos-et-al-2009/. as spreadsheets in MIDAS format (53) that can be directly loaded, processed, and visualized in DataRail or other software tools. Data can be downloaded as supplemental material and are available upon request. Subsets of these data have previously been made available as part of the network inference challenges for the Dialogue on Reverse Engineering Assessments and Methods (DREAM), and these data sets are also available upon request.
We describe the precise relationships among these various data sets and the complete set of data provided in this study in supplemental Table 1 .
RESULTS
Constructing Networks of Receptor-mediated Signaling in
Primary and Transformed Hepatocytes-To obtain functional data on multiple signaling pathways in liver, we exposed cells to seven extracellular ligand "cues": two mediators of the acute phase response, TNF␣ and IL6 (31); the TLR4 agonist LPS (30); two general inflammatory factors active in liver, IL1␣ and IFN␥ (29); and two mitogenic factors, IGF-1 (69) and the ErbB1/2 ligand TGF␣ (30) ( Fig. 1, supplemental Fig. 1 , and Table I ). Data were also collected from pathways under states of perturbation by pretreating cells with one of seven small molecule kinase inhibitors (at concentrations sufficient to achieve ϳ90% target inhibition in HepG2 cells; see "Experi-
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Intracellular perturbations (7) and measurements (17 The outline of the experimental approach shows identities of ligand cues and their receptors, intracellular signals assayed using xMAP technology, seven small molecule kinase inhibitors, and 50 secreted cytokines whose levels constituted responses. See Table I and supplemental Tables 2 and 3 for further details. Fig. 4 ). Whole-cell lysates were collected at 30 min and 3 h after ligand exposure to assay the phosphorylation states of intracellular proteins ("signals"; supplemental Table 2 ), and cell supernatants were assayed at 3 and 24 h poststimulus to measure secreted cytokines ("responses" in the MLR analysis; supplemental Table 3 ) using xMAP technology (Luminex Corp., Austin, TX). These time points were chosen based on preliminary experiments (performed at six time-points: 0, 15 min, 30 min, 1 h, 3 h, 8 h, and 24 h) in which we looked for the largest changes in protein modification states.
The choice of which intracellular proteins and cytokines to assay was governed by prior knowledge of signaling pathways in the liver and by the availability of reagents compatible with multiplex methods. Measurements included levels of activating phosphorylation on cytosolic kinases such as Akt, MEK, and p38; signaling kinase substrates such as Hsp27 (a Prak2-MK2 target) and CREB (a pP90RSK substrate); and adaptor proteins such as IRS-1 ( Fig. 1, supplemental Fig. 2 , and supplemental Table 2 ). In total, the data compendium contained 25,856 data points, representing treatment of hepatocytes and HepG2 with seven ligands (plus one negative control) with or without seven small molecule drugs (plus a negative control) followed by single or duplicate assays of 17 intracellular signals at t ϭ 0, 30 min, and 3 h and of 50 secrete cytokines at t ϭ 0, 3, and 24 h ( Fig. 2 and supplemental Fig. 1 ). The absence or poor specificity of some xMAP reagents prevented study of the transforming growth factor-␤ and Wnt signaling pathways, which are known to be important for liver biology (70, 71), but we intend to add new measurements to the current data set as reagents and assays improve.
Cell Type-specific Maps Reveal Significant Alteration of NF-B and Prosurvival Pathways-Primary data were consolidated and scaled using DataRail software (53) and analyzed by MLR, a method for determining correlations among multiple variables (72, 73) . Our goal was to uncover the most significant differences between primary hepatocytes and HepG2 cells using the simplest methods available. To uncover the effects of cues and inhibitors on signals, we assumed that n independent inputs (e.g. cues and inhibitors) correlated linearly with m dependent output variables (e.g. protein phosphostates). Two types of MLR were performed: (i) one-step MLR involving regression of signals against cytokine levels and (ii) two-step MLR involving regression of cues and inhibitors against signals (see "Experimental Procedures," Fig. 3a , and supplemental Fig. 3 ). Two-step regression analysis was performed to ensure that the analysis was overdetermined. More sophisticated analytical approaches are possible and would probably uncover additional differences between cell types, but our cross-validation studies (supplemental Fig. 3 ) and a recently published analysis of a subset of the data presented here (and made publically available prepublication as part of the DREAM3 competition (74); see supplemental Table 1) show that MLR performs quite well with data such as ours (75) .
Following MLR, many differences in regression weights were observed between hepatocytes and HepG2 cells ( Fig. 3,  b and c). The weights were used to construct node-edge graphs using Cytoscape with nodes corresponding to receptors, intracellular signals, or cytokines and line thickness denoting regression weights (Fig. 4, a and b) . As an aid to interpretation, we overlaid the top 25% of correlation weights on a more conventional map of signal transduction prepared using bibliographic data in Ingenuity Systems IPA ( Fig. 5 ; note that this representation is simply a different layout of the data in Fig. 4 but with the regression data added). By depicting the order of action of ligands, receptors, and signaling proteins, this view revealed that whereas hepatocytes were highly responsive to LPS and TNF␣ HepG2 cells were not. Conversely, HepG2 cells were responsive to IGF-1, but hepatocytes were not (for the intracellular signals examined). Some ligands were active on both cell types (such as IL1␣ and TGF␣), but these ligands nonetheless gave rise to different patterns of signaling in the two cell types. Thus, hepatocytes and HCC cells appear to have extensive differences in the activities and dynamics of canonical signaling pathways.
We selected a set of edges in the MLR graph with the greatest differential regression weights between hepatocytes and HepG2 cells for independent experimental confirmation. This set corresponded to coordinated IL1␣, TNF␣, or LPSinduced secretion of eight cytokines in primary hepatocytes only; these CCR/CCX chemokines included CCL2 through CCL5, CXCL1, CXCL10, IL6, and colony-stimulating factor 3 (CSF3, Fig. 6 , b and c). These selectively secreted "hepatocyte signature set" (HSS) proteins are afferent signals that stimulate cellular immune responses by Kupffer cells, circulating macrophages, natural killer (NK) cells, and T cells (Table  II) . In contrast, ligands associated with antigen-specific immunity such as IL2, IL4, IL5, IL12p40, and IL13 were present at negligible levels (60, 76 -78) . Release of HSS cytokines from hepatocytes was blocked by three chemically distinct IKK inhibitors, BMS-345541, IMD0345 (79), and TPCA1 (79) ( Fig. 7) , but secretion of VEGFA, included as a specificity control, was largely unaffected. Thus, secretion of hepatocyte-specific HSS cytokines is dependent on induction of the canonical NF-B pathway. Although NF-B was also activated in HepG2 cells, this did not result in HSS cytokine release (see below).
Differences between hepatocytes and HepG2 cells were also evident in regression weights for factors involved in mitogenesis and cell survival (Fig. 3, b and c) . For example, phosphohistone H3, p53, and p-Akt were more heavily weighted in HepG2 cells than hepatocytes (Fig. 3b ) as were secreted VEGFA and intercellular adhesion molecule 1 (Fig. 3c ). VEGFA is a potent angiogenic molecule known to be up-regulated in HCC and is targeted by a therapeutic antibody (bevacizumab) currently in clinical trials for treatment of liver cancer. Intercellular adhesion molecule 1 has also been implicated in HCC (80) . In contrast, p-c-Jun, p-p38, and p-Hsp27 were more heavily weighted in hepatocyte data. Overall then, analysis of signaling data by MLR uncovered many differences in signaling between HepG2 cells and hepatocytes with significant up-regulation of progrowth pathways and dramatic down-regulation of inflammatory and TLR responses in the former.
Confirming Determinants of Connectivity Inferred by MLR-The node-edge graphs generated by MLR have some counterintuitive features. For example, phosphorylation of p38 ki-nase is a typical response of cells to cytokine treatment, and Hsp27 is an indirect substrate (it is phosphorylated by MK2 and Prak2 kinases, which lie downstream of p38). However, graphs constructed from hepatocyte data link nodes corresponding to five of six receptors (IL1R, TNF receptor, TLR4, IL6R, and epidermal growth factor receptor) and to p-Hsp27 but not to p-p38 ( Fig. 5a, white VEGFA  ICAM1  CSF1  IL1RN  IL12B  IL3  LTA  IL1α  CSF2  CCL3  CSF3  CXCL9  IL17  IL6  CCL4  CCL5  IL8  CXCL12  PDGFB  IL18  CXCL1  IL15  MIF  CCL2  CXCL10  HistH3  p53  AKT  GSK3  MEK12  IRS1  p70S6  ERK12   Iκb  p90RSK  STAT3  STAT6  JNK12  CREB  p38  CASP37  HSP27  cJUN   Hepatocyte  Strong  Weak   Cytokine release   VEGFA  ICAM1  CSF1  IL1RN  IL12B  IL3  LTA  IL1α  CSF2  CCL3  CSF3  CXCL9  IL17  IL6  CCL4  CCL5  IL8  CXCL12  PDGFB  IL18  CXCL1  IL15  MIF  CCL2 Fig. 2b (see "Experimental Procedures" and also supplemental Fig. 3 for details) . b and c, regression weights (vertical axes) for all cues, kinase inhibitors, and a subset of responses. Green bars depict cue-signal weights (b) and signal-response weights (c) derived from hepatocyte data, and red bars depict those from HepG2 cells. Background colors in each small rectangle code the combination of signal and cue as being more "hepatocyte-like" (green) or more "HepG2-like" (red) based on the relative regression weights; overall, the signals are ordered left to right based on this coding. For example, phosphohistone H3 (HistH3) levels on the extreme left are coded red and are much higher in HepG2 cells relative to hepatocytes, reflecting ongoing cell division in HepG2 cells. Inhibitor data are coded by extent of inhibition; the inhibition of many signals by the JNK inhibitor SP600125 probably reflects off-target effects (116) "X" denotes a measurement that is not meaningful because the cytokine was added exogenously as a cue. Hist., histone; PI3K, phosphatidylinositol 3-kinase; i, inhibitor. strong p-p38 inducer) was linked to p-p38 but not p-Hsp27 (Fig. 5d ). p38 phosphorylation was nonetheless required for Hsp27 phosphorylation in both cell types as evidenced by low p-Hsp27 levels in cells exposed to the selective p38 inhibitor PHA818627 prior to cytokine addition (Fig. 2, a and b , column for p38 inhibitor).
FIG. 3. One-step and two-step MLR illuminates widespread differences in common signal transduction pathways between hepatocytes and HepG2 cells. a, schematic of successive stages in MLR as applied to a subset of the data in
Why is there a difference in connectivity between nodes corresponding to receptors, p38, and substrates in hepatocytes and HepG2 cells? Follow-up experiments revealed that in HepG2 cells p-p38 levels were high following IL1␣ stimulation, but p-Hsp27 levels were relatively low, whereas in hepatocytes slightly lower p-p38 levels gave rise to dramatically higher p-Hsp27 levels (Fig. 8 ). These differences are sufficient to explain the observed connectivity and may reflect unequal phosphatase activity in the two cell types or differential regulation of the p38-activated MK2 and Prak kinases. Similarly, a hepatocyte-specific link between p-Hsp27 and IKK arises because BMS-345541 blocks p-Hsp27 dephosphorylation only in hepatocytes, suggesting a cell type-specific role for IKK in phosphatase regulation (Fig. 8, a and b, dashed lines) or a differential expression of IKK isotypes (which are blocked to different degrees by BMS-345541). These data confirm the logic by which MLR assigns differen-tial links between receptors p-p38, p-Hsp27, and IKK in hepatocytes and HepG2 cells. They also suggest a set of hypotheses about differential phosphatase regulation in hepatocytes and HepG2 cells for future study.
Innate Immune Responses and NF-B Signaling Are Altered in HCC Cells-As noted above, dramatic differences were evident between hepatocytes and HepG2s in responsiveness to LPS, TNF␣, and IL1␣, particularly with respect to induced secretion of HSS cytokines (Figs. 5, a and b, and 6 , b and c, compare the relative line weights for edges connecting IB to HSS cytokines). Induced secretion of HSS cytokines was strongly IKK-dependent in hepatocytes ( Fig. 7) , consistent with the central role of NF-B in immune priming (81) . Thus, both hepatocytes and HepG2 cells are active in IKK/NF-B signaling (as determined by TNF␣-and IL1␣-induced phosphorylation of IB Ser-32/Ser-36 sites involved in IB degradation and NF-B activation; Fig. 6b ), but only hepatocytes secrete detectable HSS cytokines.
To determine whether the observed defect in LPS-induced HSS cytokine secretion in HepG2 cells is reflective of a general defect in TLR signaling in HCC cell lines, we analyzed three additional liver cancer cell lines: among these, FOCUS cells are considered relatively differentiated as compared with FIG. 4 . Node-edge graphs of signaling pathways reconstructed from data using multilinear regression. Directed node-edge graph of all cue-to-signal regression weights as visualized using the program Cytoscape (117) with receptors (for ligand cues) and signals as nodes. The thickness of each line is directly proportional to the corresponding regression weight. Green denotes primary hepatocytes, and red denotes HepG2 cells.
HepG2 cells, whereas Hep3B and HuH7 lines represent intermediate degrees of differentiation (52, 82) . When FOCUS, Hep3B, and HuH7 lines were compared with HepG2 cells and primary hepatocytes across a panel of TLR agonists ( Fig. 9 ), we observed that whereas primary hepatocytes were broadly responsive (as assayed by release of HSS cytokines) all four HCC lines were much less so ( Fig. 9) . Thus, the lack of HepG2 responsiveness to LPS in the MLR-based network was also observed in other HCC cell lines for multiple TLR agonists. Nonetheless, IL1␣ treatment of Hep3B, HuH7, and FOCUS cells caused dramatic increases in IB Ser-32/Ser-36 phosphorylation and rapid translocation of NF-B p65 into the nucleus, a response also present in HepG2 cells (NF-B p65 localization was determined by immunofluorescence microscopy; Fig. 10, a and b) . In addition, Western blotting showed NF-B family members p50, p65, p105, and c-Rel to be expressed in HCC lines at similar, or slightly higher, levels than in hepatocytes (supplemental Fig. 7) . Thus, the absence of HSS secretion in HCC cells (Fig. 11) does not reflect simple absence or inactivity of the IKK/NF-B pathway but rather a subtle shift in the spectrum of genes induced by NF-B.
DISCUSSION
Here we describe an approach to reconstructing signaling networks from biochemical data on cellular responsiveness to ligands and drugs. Three primary findings emerge from comparing immediate-early signaling networks in primary hepatocytes and transformed HepG2 cells. First, the degree of cellular responsiveness to a spectrum of growth factors, inflammatory ligands, and TLR agonists is very different with primary cells responding more to inflammatory cytokines such as TNF␣ and transformed cells responding more to growth factors such as IGF. Second, even when both cell types are sensitive to the same ligand (e.g. epidermal growth factor or IL1␣) the extent to which specific immediate-early signaling pathways are activated is strikingly different. Third, patterns of induced cytokine secretion, a component of autocrine and paracrine signaling in the liver, are also different even when a common transcription factor (NF-B) is involved. These differences provide new insight into hepatocyte transformation, suggest specific features of TLR-mediated innate immunity that merit further study in real tumors, and demon- STA T3  STA T3   IL6R  EG FR  IG FR  TN FR  TLR 4  IL6R   E G FR  IG FR  TN   FR  TLR 4  IL 1R  IL 1R   TGFα  IL6  IGF-I  IL1α  LPS  TNFα  TGFα  IL6 IGF-I IL1α LPS TNFα FIG . 5 . Reconstructed node-edge graphs drawn as pathways. Networks were reconstructed using the top 25% of regression weights from node-edge graphs (Fig. 4 ) and overlaid on a hand-drawn map of relevant pathways. Cue-to-signal regression weights derived from two-step MLR and signal-to-cytokine regression weights derived from one-step MLR are shown in upper panels (cue and signal effects). In lower panels (inhibitor effects), nodes representing inhibitors are positioned above their most proximal target that is also a measured variable (e.g. MEK inhibitor (MEKi) is positioned above ERK, p38 inhibitor is above phospho-Hsp27, etc.) with diameter proportional to the regression weight as obtained from the second step of two-step MLR. Dashed lines in lower panels denote activation, and solid lines denote inhibition. Note that the identities of targets for each drug are predefined (based on the literature), but the inhibition weight is obtained from the data.
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Cell-specific Signal Transduction Networks
strate the utility of reverse engineering biochemical data as a means to compare signal transduction in diseased and healthy cells of diverse origin.
Cell Type-specific Protein Signaling Networks-Considerable effort is currently devoted to reconstructing mammalian metabolic and signaling pathways on a large scale using manual (13, 83, 84) or automated (14) literature mining or high throughput two-hybrid (5-7), affinity purification-mass spectrometry (8 -11) , genetic interaction (85, 86) , or RNAi screening data (20 -22) . Most of these efforts emphasize integration of data from many cell types and even multiple organisms as a means to generate a comprehensive interaction graph for a "prototypical" cell (indeed, creating a proteome-wide interaction network is a goal of the human interactome project (3, 87) ). Such approaches sacrifice information on differences from one cell type to the next to achieve maximum scope, but regulatory networks vary significantly with cell state and type (88) . In this study, we focused on creating smaller networks that are cell-specific and focused on the receptor-mediated signaling processes known to play an important role in oncogenic transformation. Other efforts to assemble cell-specific networks have involved gene expression (16, 89) , chromatin immunoprecipitin in combination with DNA microarrays (90), addition of expression data to PINs (27, 91, 92) , or use of gene ontology annotations in combination with interaction data (93) . The current work is distinguished from previous studies in its use of biochemical rather than genetic data, the inclusions of intracellular and extracellular measurements, and its explicitly comparative measurement of responses to ligands and drugs. This yields PSNs with lower connectivity than prototypical PSNs but significantly better predictivity (94) . Despite their small scope, cell-specific biochemical networks are likely to have significant advantages for understanding disease processes and for studying the properties of signaling networks from an information-theoretic perspective (95) .
Perturbation-rich Rather than Measurement-rich Data Sets-Pathway reconstruction benefits from as much data as possible, and this requirement, in combination with a focus on primary human cells that are available in limited quantities, mandated our use of microscale immunoassays. However, such assays are available for only a limited number of proteins; the Luminex xMAP methods used in the current work permit ϳ20 phosphoprotein and ϳ50 cytokine measurements per well of a 96-well plate, a much smaller number of measurements than would be possible using expression profiling. At the outset of this work, it was unclear whether such a limited set of measurements would yield useful network inference. Our apparent success likely reflects the value of data collection across a spectrum of cell states (exposure to different cytokines), each perturbed in multiple ways using a panel of kinase inhibitors. Thus, although the number of data points per state is relatively small, the number of states is large (ϳ50 per cell line). Moreover, measurements concentrate on proteins known to be involved in signal transduction, most of which exhibited significant changes in state or level across the data set. In contrast, the majority of FIG. 6. Hepatocytes, but not HepG2 cells, secrete a "signature set" of cytokines in response to inflammatory stimuli. a, distribution of regression weights in "signals to cytokine" MLR from hepatocyte data. The top 25% of weights (as depicted in Fig. 5, a and b ) are shown in blue; the most significant weights, corresponding to signature set cytokines, are shown in green. Distributions for all other MLRs are shown in supplemental Fig. 8. b and c, levels of eight signature set cytokines in hepatocytes and HepG2 cells (as indicated) at t ϭ 0, 3, and 24 h following exposure to TNF␣, IL1␣, or LPS. Phospho-IB levels, a measure of IKK activity, are shown above the cytokine data with color coding as in Fig. 1 . Absence of the signature set cytokine release in HepG2 cells following exposure to TNF␣, IL1␣, or LPS is shown by orange shading. VEGFA serves as a control. Norm., normalized; PI3K, phosphatidylinositol 3-kinase. genes in an expression microarray do not change in response to a particular biological cue.
Extending the approaches described here should enable rapid reconstruction of larger and more precise comparative signaling graphs. Examining ligands in combination, studying the effects of different extracellular matrices on signaling, comparing immediate-early and late responses, and complementing small molecule drugs with RNAi all represent direct extensions of our approach. The availability of appropriate data will always be a critical issue, but as sensitivity and throughput improve, it will be possible to supplement immunoassays with phosphoprotein SILAC (stable isotope labeling with amino acids in cell culture) (96) and other mass spectrometry methods (12) that yield information on proteins for which no immune reagents exist. The potential of mass spectrometry to reconstruct cell-specific networks has been demonstrated recently for EphB1-and ephrin-B1-expressing cells Fig. 5 as white stars on a blue background. Phosphoprotein levels at seven time points (and t ϭ 0) following treatment with IL1␣ alone (solid lines) or IL1␣ in combination with the IKK2 inhibitor BMS-345541 (BMS) (dashed line) were measured in hepatocytes and HepG2 cells. Following IL1␣ treatment, phospho-Hsp27 was stimulated to a greater extent in hepatocytes than in HepG2 cells even though p38 is more highly phosphorylated in HepG2 cells. Moreover, dephosphorylation of Hsp27 at t Ͼ3 h was BMS-345541-sensitive in hepatocytes but not HepG2 cells, confirming the primary MLR data and suggesting that in hepatocytes dephosphorylation of p38 and Hsp27 following IL1␣ treatment is IKK2-dependent, possibly via an IKK2-activated phosphatase (Phsp); w/o, without; A.U., absorbance units. Cell-specific Signal Transduction Networks grown in coculture (19) . However, experience to date strongly suggests that effective network inference will require data sets involving rich combinations of cell states and perturbations rather than simply collecting more measurements made under a limited set of conditions. Thus, it will probably be necessary to adapt existing mass spectrometry methods so that many samples can be compared even if this entails a reduction in the number of analytes tracked.
Defects in NF-Band TLR-mediated Signaling in HCC Cell
Lines-The largest difference in regression weights between graphs of hepatocyte and HepG2 cells involves responsiveness to inflammatory factors and LPS. A set of eight IKK (and NF-B)-dependent cytokines was secreted at a high level by hepatocytes exposed to TNF␣, IL1␣, and TLR agonists but was largely absent in supernatants from similarly treated HepG2 cells and three other HCC cell lines examined. These eight coordinately expressed HSS cytokines and chemokines are principally efferent regulators of immune cells and are strongly induced by IL1␣, TNF␣, or LPS, all afferent signals for primary hepatocytes (Table II) . Connections between tumor and immune cells are myriad and complex (34, 42, 97, 98) . Tumor-associated macrophages, for example, secrete factors that act as mitogens for cancer cells (99, 100) . Suppression of inflammation (by drugs for example) interferes with tumor growth under these circumstances. In other cases, immune cells act in an antioncogenic fashion, apparently by recognizing and killing transformed cells (101) . To survive, tumor cells must adapt to and avoid such immune surveillance (102) (103) (104) . The changes we observed in HCC cells appear to reflect this latter paradigm: by damping down TLR-induced secretions of Control  TLR1&2  TLR2  TLR3  TLR4  TLR5  TLR6&2  TLR7  TLR8  TLR9   43   Hepatocytes  HepG2  Hep3B  Huh7  Focus   HCC cell lines   Control  TLR1&2  TLR2  TLR3  TLR4  TLR5  TLR6&2  TLR7  TLR8  TLR9  Control  TLR1&2  TLR2  TLR3  TLR4  TLR5  TLR6&2  TLR7  TLR8  TLR9  Control  TLR1&2  TLR2  TLR3  TLR4  TLR5  TLR6&2  TLR7  TLR8  TLR9  Control  TLR1&2  TLR2  TLR3  TLR4  TLR5  TLR6&2  TLR7  TLR8  TLR9 Responses: Hepatocyte-like Absent
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Induced levels Basal levels FIG. 9. Release of signature set cytokines is profoundly impaired in HCC cells. Levels of signature set cytokines at t ϭ 24 h following exposure of primary hepatocytes and four HCC cell lines to nine TLR agonists (see "Experimental Procedures" for details) are shown. Red bars denote induction of a cytokine significantly above background levels (shown in pink). Light blue background denotes cytokines that are inducibly secreted in hepatocytes but absent in HCC cell lines, whereas green background denotes a hepatocyte-like secretion.
HepG2
Hep3B Huh7 factors that mobilize and attract immune cells, HCC cells are presumably able to avoid immune recognition.
Apparent differences in the function of NF-B in primary hepatocytes and HCC cell lines are consistent with a broad and complex literature implicating IKK/NF-B in liver cancer. For example, deletion of IKK␤ in the mouse increases hepatocellular carcinogenesis (39) , and this also appears to be true of IKK␥ (34); NF-B itself appears to function as a tumor promoter (42) and plays an important role in viral induction of liver cancer (105, 106) . Unfortunately, genetic studies in the mouse have not, as yet, revealed precisely which NF-B functions are altered in transformed relative to normal liver cells. Our data suggest that HCC cells have evolved to exploit the transforming potential of NF-B while downregulating the NF-B functions involved in immune activation. Kupffer cells and other liver-resident macrophages are tasked with removing apoptotic hepatocytes that are damaged in the course of responding to toxins and infectious agents (107) . To accomplish this, Kupffer cells require priming, and this depends on cytokines secreted by hepatocytes. To become tumorigenic, transformed hepatocytes almost certainly need to avoid such immune surveillance, and we speculate that they therefore evolve to reduce secretion of immunostimulatory cytokines, which are represented in our data by HSS cytokines.
The profound defects in TLR signaling we observed in HCC cells have not, to our knowledge, been described previously but are consistent with the hypothesis that innate immunity plays an important role in suppressing tumorigenesis (102, 108, 109) . We do not know precisely why HCC cells are unresponsive to a wide range of TLR agonists, but RNA levels for TLR receptor and a set of downstream signaling molecules appear to be lower in HCC cell lines than in primary hepatocytes (as assayed by RT-PCR; supplemental Table 4 ). However, low responsiveness to ligands was observed even when the cognate TLR was expressed at apparently normal levels, suggesting that other factors must be involved. In addition, defects in TLR expression cannot of course explain why secretion of HSS cytokine is low in HCC following exposure to cytokines such as IL1␣ or TNF␣. It might be possible to assay for reduced TLR expression in primary liver cancers, although this would require controlling for tumor infiltration by macrophages, which express very high levels of TLRs, potentially masking receptor down-regulation in hepatocytes.
Data Analysis and Network Inference-By emphasizing functional responses and comparing multiple cell types, this study describes an experimental approach to reverse engineering signaling networks that is a significant extension to existing network inference paradigms. We leverage a relatively limited set of high throughput biochemical assays by maximizing the Fig. 6 for sake of comparison. Each subpanel depicts the level of a cytokine (as indicated at left) in cells stimulated with TNF␣, IL1␣, or LPS (indicated below) and three BMS-345541 concentrations. Green background denotes inducible cytokine secretion, and blue denotes inhibition by BMS-345541. Gray denotes cytokine levels that were neither cue-inducible nor BMS-345541-inhibitable. The yellow bar graphs above show the integrated levels of all signature set cytokines for each stimulus in the absence of BMS-345541. number of conditions under which assays are performed and using systematic perturbation (with well characterized small molecule drugs) to uncover cause-effect relationships among receptors, intracellular kinases, and cytokine secretion. Sophisticated computational methods have been developed to construct gene and protein networks using mutual information theory (110) , Bayesian analysis (111, 112) , and related probabilistic methods. These approaches are necessary with genome-scale expression data in which the number of measurements is very large but the signal-to-noise ratio is relatively low. In contrast, our data comprise many fewer measurements, but the signal-to-noise ratio is good largely because we use prior knowledge to select combinations of ligands, drugs, and biochemical assays likely to be informative. Bayesian network inference has also been used to infer networks from protein data collected by flow cytometry (113, 114) and micro-Western assays (115) . Whereas the flow cytometry data in Sachs et al. (114) involve many independent single cell measurements across a restricted set of signaling kinases and the micro-Western data modeled in Ciaccio et al. (115) involve dense temporal sampling of a restricted set of receptor-proximal processes, the data in our study cover a wider range of biological processes from receptor phosphorylation to transcriptional induction. We speculate that with our data Bayesian inference is less successful (albeit only in preliminary studies) than simpler regression methods because we sampled networks less densely than Sachs et al. (114) and Ciaccio et al. (115) . Whether this is true should be revealed by future DREAM (74) competitions: we will continue to provide data to DREAM with the goal of determining precisely which inference methods are optimal for reconstructing signaling networks from different types of cell response data.
We have shown recently that immediate-early signal transduction can effectively be analyzed using logical modeling and data similar in structure to the data in this study. We assemble an initial logical model from literature-derived PSNs and then optimize the model against experimental data. The results are models that are significantly more predictive than the starting PSN but 2-3-fold less highly connected (94) . Logic-based modeling provides mechanistic insight that is missing from MLR, but our approach requires some prior knowledge about network topology; this is largely absent in the case of regulated cytokine secretion. In the future, we envision hybrid models that combine logical or probabilistic elements for pathways we seek to represent in mechanistic detail (particularly early response pathways that are well annotated in the literature) and less detailed regression-based elements for downstream events such as cytokine secretion (for which regulatory mechanisms are less well understood). However, we emphasize that even the simple regression-based methods applied in this study are sufficient to uncover widespread differences between immediate-early signaling networks in primary and tumor cells. The two most significant differences appear to involve inflammation and innate immunity. (i) In contrast to primary hepatocytes, HCC cells lack a robust response to TLR ligands. (ii) NF-B can be activated in both hepatocytes and HCC cells by inflammatory cytokines such as IL1␣, but the spectrum of genes induced by NF-B is very different in the two types of cells specifically with regard to cytokines that might induce Kupffer cell priming. In both cases, we speculate that the changes reflect evolution of HCC cells so that their abnormality goes unnoticed by Kupffer and other immune cells.
